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Introduction 1
Anxiety is a future-oriented mental state activated by distant and potential threats rather than 2 specific and predictable ones (Calhoon and Tye, 2015) . On the one hand, anxiety drives us 3 to avoid frightening situations and to achieve our goals. On the other hand, excessive anxiety 4 may cause distress and impairment in daily life. Although anxiety is a common mental state 5 in humans, we experience anxiety in a variety of forms. For example, public speaking or 6 leaving one's home can induce anxiety related to a fear of negative evaluation by others and 7 risk of theft, respectively. Such anxieties may drive us to do something to overcome our 8 anxiety, such as practicing a speech or repeatedly checking that the house door is locked. 9
One conventional way to study anxiety is to investigate the state associated with the 10 feeling of anxiety, namely, state anxiety. Other studies focus on the frequency of anxiousness, 11 namely, trait anxiety, which is measured using self-report questionnaires. Another major 12 research field concerns the anxiety of patients with psychiatric disorder. This type of anxiety 13 includes social anxiety disorder, obsessive-compulsive disorder (OCD), and generalized 14 anxiety disorder. Such "pathological anxiety", which is defined by clinically significant 15 levels of anxiety (i.e., excessive, uncontrollable anxiety), incurs tremendous socioeconomic 16 costs (Greenberg et al., 1999) and roughly 30% of people experience an anxiety-related 17 disorder at some point in their lifetime (Kessler et al., 2005) . 18 In the neuroscience field, using functional magnetic resonance imaging (fMRI), different 19 dimensions of anxiety have been investigated by several types of approaches, which 20 correspond to the different dimensions of anxiety described above. To Previous findings have suggested an interaction among state, trait, and pathological 12 anxiety (e.g., Mathews, 1990; Williams et al., 1996) . If there is a common biological substrate, 13 it has the potential to be used for risk assessment and early detection of pathological anxiety, 14 which would enable its prevention before onset or its evaluation for treatment. From a 15 theoretical perspective, it would also be helpful to understand the dynamics of the 16 development of pathological anxiety. In addition, given that the hypothesis of a psychiatric 17 disorder spectrum is gaining attention (Adam, 2013) , such a biologically defined index would 18 provide an objective, reliable biological dimension of anxiety for the spectrum, which may 19 be valuable for understanding various human characteristics, including psychiatric disorders. 20
However, no studies have directly investigated whether there is a common biological 1 substrate among state, trait, and pathological anxiety. 2
To determine whether there is a common biological substrate among state, trait, and 3 pathological anxiety, we adopted a single neuronal index defined by anxiety- Here, in a data-driven manner, we directly tested the hypothesis that there is a common 14 neural network among state, trait, and pathological anxiety. We first investigated whether 15 state and trait anxiety shared a common neural network in healthy people. Then, to 16 investigate how state and trait anxiety are involved in pathological anxiety, we tested which 17 sets of FCs were generalized to patients with OCD, a disorder characterized by pathological 18 anxiety-driven behavior, among the neural networks related to state and/or trait anxiety. 19 highest anxiety). A fixation cross was superimposed on each stimulus, and participants were 1 instructed to maintain fixation on this cross throughout the scanning session. For each session, 2 in two randomly selected trials, participants needed to push the button in response to the 3 change in fixation color on the display to guarantee that participants maintained fixation. 4
These trials were excluded from the subsequent analysis. Schematic diagram of the analyses. (b) Three types of datasets were used, that is, 1 anxiety provocation task, Human Connectome Project, and multi-site OCD 2 datasets. Signals of interest were extracted from all participants. The signals were 3 then turned into functional connectivity (FC) via covariance estimation. Note that 4 trial-wise FC matrices were estimated for the anxiety provocation task. In contrast, 5 participant-wise FC matrices were estimated for the Human Connectome Project 6 dataset and multi-site OCD datasets. (c) FC matrices were turned into the feature 7 matrix for the subsequent analysis. (d) FCs with a strong relationship to anxiety 8
were selected via statistical thresholding through cross-validation. Anxiety scores 9
for trials/participants were calculated by summing FCs in the high-anxiety network 10 and summing sign-inversed FCs in the low-anxiety network. 11 12 2.1.3. fMRI procedure. A 3-T Siemens Trio scanner (Erlangen, Germany) with a 12-channel 13 head coil was used to perform T2*-weighted echo planar imaging (EPI). We acquired 275 14 scans for each session with a gradient echo EPI sequence. The first 7 scans were discarded 15 to allow for T1 equilibration. The following scanning parameters were used: repetition time initially corrected for slice-timing and realigned to the mean image of that sequence to 7 compensate for head motion. Structural (T1) images were then co-registered to the mean 8 functional image and segmented into three tissue classes in Montreal Neurological Institute 9 (MNI) space. Using the associated parameters, the functional images were then normalized 10 and resampled in a 2 × 2 × 2 mm 3 grid. Finally, they were smoothed by a Gaussian full-width 11 at half-maximum of 6 mm. 12 cerebrospinal fluid, and entire brain, as well as six head motion parameters. We determined 19 the fluctuation in each type of tissue from the average time course of the voxels within a 20 mask created by the segmentation procedure of the T1 image. The mask for the white matter 1 was eroded by one voxel to consider a partial volume effect. These extracted time courses 2 were bandpass filtered (transmission range, 0.045-0.18 Hz) before the linear regression, as 3 was performed for the regional time courses. We defined 10 scans, offset 4 s from the 4 stimulus onset (to account for the delay in hemodynamic response), as the trial scans. final trial in each session has not enough trial scans defined above, that is 10 scans offset 4s 10 from the stimulus onset. Therefore, we excluded the trial from subsequent analysis. 11 related to state and/or trait anxiety. We also conducted leave-one-participant-out 5 classification within multi-site OCD datasets. 6 7 2.1.6. Within-participant anxiety detection. To test the hypothesis that there is a common 8 neural network of anxiety within participants, we first investigated the difference in FCs 9 between trials in different blocks (i.e., the anxiety and neutral blocks) in a fully cross-10 validated manner ( Fig. 2a ) for each participant. Cross-validation tests the ability of the model 11 to generalize and involves separating the data into subsets. We analyzed all datasets in a 12 single scale, which was defined by the FCs and named an "anxiety score" (Fig. 1d ) (Shen et 13 al., 2017) . The score is defined by a subset of the data (the "training" set), and then the 14 generalizability of the score is tested in the fully independent remainder of the data (the "test" 15 set). Here, we conducted 10-fold cross-validation, that is, we split all trials into 10 sets of 16 trials for each participant. For each FC, we then conducted a two-sample t-test between the 17 mean values of FC of anxiety and neutral trials using the all but one held-out test set. The 18
resulting P values were statistically thresholded at P < 0.01 and separated into a positive tail 19 (a higher FC value means that the participant was more likely to see anxiety stimuli) and a 20 negative tail (a higher FC value means that the participant was more likely to see neutral 1 stimuli). We named these FCs high-and low-anxiety networks, respectively. Finally, to 2 validate whether our model reliably detects anxiety in the test set, anxiety scores for trials in 3 the test set were calculated by summing FCs in the high-anxiety network and summing the 4 sign-inversed FCs in the low-anxiety network. 5 6 2.1.7. Across-participant generalization. As an additional step, we investigated whether the 7
FCs selected from other participants could be generalized to held-out participants. In other 8 words, we tested whether there was a common neural network of state anxiety across 9 participants. To investigate this, we expanded the previous analysis from the within-10 participant paradigm to the across-participant paradigm (Fig. 2b ). Specifically, for each 11 participant, we calculated the anxiety scores of all trials using almost the same procedure as 12 described in the previous section. However, here, we defined the anxiety score by the other 13 participants' trials. Thus, we conducted analyses in a leave-one-participant-out cross-14 validation manner. 15 16
Resting-state fMRI: Human Connectome Project 17
To investigate whether there is a common neural network between state and trait anxiety in 18 healthy people, we tested whether the anxiety score defined by rs-fMRI with the trait anxiety 19 scale can be generalized to state anxiety. 20 1b and 1c). We then extracted the FCs related to trait anxiety by calculating Pearson 18 correlations between all FCs and participants' behavioral measure of trait anxiety (Fig. 1d ). 19
Similar to the analyses for the state anxiety alone, the resulting P values were statistically 20 thresholded at P < 0.01 and separated into a positive tail (a higher FC value means that the 1 participant was more likely to have a high trait anxiety score) and a negative tail (a higher 2 FC value means that the participant was more likely to have a low trait anxiety score). Again, 3
we called these FCs high-and low-anxiety networks, respectively. The anxiety score was 4 calculated for all participants' trials in the anxiety provocation task, as previously described 5 ( Fig. 2c ). 6 7
Common neural network between state and trait anxiety 8
To evaluate the degree of overlap between sets of FCs related to state and trait anxiety, we 9 then tested whether the number of common FCs was significantly higher than chance. The 10 FC was considered to be common if it was included in the same network (high-or low-11 anxiety network) of both state and trait anxiety. Note that the FCs related to state anxiety 12 were defined by FCs that were selected at all iterations through the leave-one-participant-out 13 cross-validation procedure for the anxiety provocation task. The FCs related to trait anxiety 14
were defined by FCs that were selected using the HCP data. To determine the number of 15 common FCs obtained by chance, we compared randomly created networks of state and trait 16 anxiety. First, we shuffled the feature matrix of state anxiety and defined a high-and low-17 anxiety network as described in the previous section. We then also shuffled the feature matrix 18 of trait anxiety. We repeated this procedure 10,000 times and defined 10,000 random high-19
and low-anxiety networks. Finally, we calculated the number of common FCs between state 20 and trait anxiety for every random low-and high-anxiety network. 1 2
Prediction of patients with OCD 3
Even if there is a set of FCs related to state and/or trait anxiety in healthy people, the 4 relationships between these networks and pathological anxiety is still a question that remains 5 to be directly investigated. Therefore, we asked which set of FCs is altered in the population 6 with pathological anxiety among the FCs related to state and/or trait anxiety. To investigate 7 this question, we used three rs-fMRI datasets consisting of two different populations, namely, 8 healthy controls (HCs) and patients with OCD, which is characterized by pathological 9 anxiety-driven behavior. 10 11 2.4.1. Participants. We recruited participants at three different sites: sites A and B in Japan 12 and site C in Spain. Supplementary Table 1 shows a summary of the participants' 13 demographic information. Each imaging site adopted its own imaging protocol 14 (Supplementary Table 2 resolution T1-weighted anatomical image were acquired. 19 20 2.4.2. Preprocessing. We used SPM8 for preprocessing and statistical analyses in a similar 1 manner to our previous rs-fMRI studies (Takagi et al., 2017) . Raw functional images were 2 first corrected for slice-timing and realigned to the mean image of that sequence to 3 compensate for head motion. Structural images were then co-registered to the mean 4 functional image and segmented into three tissue classes in the MNI space. Using associated 5 parameters, the functional images were then normalized and resampled in a 2 × 2 × 2 mm 3 6 grid. Finally, they were smoothed by a Gaussian full-width at half-maximum of 6 mm. To 7 avoid the effects of motion artifacts, we employed the "scrubbing" procedure to identify and 8 exclude any frames exhibiting excessive head motions (Power et al., 2012) . A bandpass filter 9 (transmission range, 0.008-0.1 Hz) was then applied to the sets of time courses. The filtered 10 time courses were linearly regressed by the temporal fluctuations of the white matter, 11 cerebrospinal fluid, and entire brain, as well as six head motion parameters. These extracted 12 time courses were bandpass filtered (0.008-0.1 Hz) before the linear regression, as was 13 performed for regional time courses. Finally, for each participant, using the same ROIs and 14 procedure for the rs-fMRI from the HCP data, the rs-FC matrix was calculated ( Fig. 1b and  15 1c). The complete procedure is described in the Supplementary Notes. with OCD, among the neural networks related to state and/or trait anxiety. That is, we 20 calculated three types of the anxiety score for each participant in the multi-site OCD datasets. 1
Their anxiety scores were calculated by summing the FCs in the high-anxiety network and 2 summing the sign-inversed FCs in the low-anxiety network (Fig. 1d ). These networks were 3 defined by state and/or trait anxiety data (Fig. 2d ). We then compared the anxiety scores of 4
HCs with those of patients with OCD or state and/or trait anxiety. analysis, we used the common FCs between state and trait anxiety because only this set of 17
FCs was generalized to pathological anxiety in the previous analysis (see the Results). 18
Furthermore, to demonstrate that the results cannot be reproduced by randomly selected FCs, we picked the same number of FCs randomly from all 35,778 FCs and then conducted the 1 same procedure 10,000 times to determine the distribution of the area under the curve (AUC). 2 3
Interpretation of anxiety-related FC patterns 4
To facilitate characterization of the biological substrates of the anxiety-related neural network, 5
we summarized the FC patterns that were obtained from the state anxiety, trait anxiety, and 6 their overlap. We grouped the 268 ROIs into eight macroscale canonical networks (e.g., the 7 default mode network) and examined the number of FCs between each pair of regions in each 8 network; these canonical networks were defined functionally in a previous study (Finn et al., 9 2015 ). 10 11
Results 12

State anxiety-related network: anxiety provocation task 13
Within-participant anxiety detection.
To test whether there is a neural network that is 14 consistently different between neutral and anxious states within participants, we compared 15 the anxiety scores of the trials in different blocks in a cross-validated manner for each 16 participant ( Fig. 2a ). We tested whether the anxiety scores of trials in the neutral block were 17 lower than those of trials in the anxiety block. We applied a two-way repeated measures 18 analysis of variance (ANOVA) to the anxiety scores of all trials (N = 1638; participant × 19 stimulus [anxiety or neutral]) and identified a significant effect of stimulus (F (1, 1637) = 209.66; 20 P = 9.03 × 10 -45 ). Figure 3a shows the anxiety scores of the anxiety and neutral trials, which 1 were normalized within each participant. We also found a significant effect of participant 2 (F (9,1637) = 88.43; P = 7.53 × 10 -134 ) and interaction (F (9,1637) = 17.27; P = 1.64 × 10 -27 ). Note 3 that the anxiety scores of all trials were defined from other trials (i.e., we did not use them 4 themselves in order to avoid circularity). Connection lines are colored gray within the same network and red (high) or blue 7 (low) between two networks. ***Two-way repeated measures ANOVA, P < 0.001. 8 9 3.1.2. Across-participant generalization. To investigate whether the neural network is 10 different between neutral and anxious states in the same manner across participants, we 11 expanded the previous analysis from the within-participant paradigm to the across-participant 12 paradigm (Fig. 2b) . We applied two-way repeated measures ANOVA to the anxiety scores of 13 all trials (N = 1638; participant × stimulus [anxiety or neutral]) and obtained similar results 14 to the previous analysis, that is, the effect of the stimulus was significant (F (1, 1637) = 24.26; P 15 = 9.29 × 10 -7 ). Figure 3b shows the anxiety scores of the trials of anxiety stimuli and neutral 16 stimuli, which were normalized within participants. We also found a significant effect of 17 participant (F (9, 1637) the FCs in the DMN were selected to some extent, the FCs in both networks were widely 11 distributed rather than locally constrained. 12 13
Beyond anxiety dimension generalization: resting-state fMRI from the Human 14
Connectome Project 15
To investigate whether there is a common neural network between state and trait anxiety, we 16 examined all trials of the anxiety provocation task (N = 1638) using the anxiety score that 17 was defined by the HCP data with the rs-fMRI and trait anxiety scale (N = 879) ( Fig. 2c) . We 18 applied a two-way repeated measures ANOVA to the anxiety scores of all trials (participant 19 × stimulus [anxiety or neutral]) and the results showed that the anxiety scores of the trials of anxiety stimuli and neutral stimuli were significantly different (F (1,1637) = 7.72; P = 5.54 × 10 -1
3 ). Figure 4a shows the normalized anxiety scores within participants. We also found a 2 significant effect of participant (F (9,1637) = 35.86; P = 3.12 × 10 -58 ) and interaction (F (9,1637) = 3 3.2; P=7.64 × 10 -4 ). Figure 4b shows the high-and low-anxiety networks in a macroscale 4 defined by the HCP data with the rs-fMRI and trait anxiety scale. The high-and low-anxiety 5 networks of trait anxiety revealed more dissimilar patterns of the FCs than those of state 6 anxiety. In particular, the FCs within the frontoparietal and medial-frontal networks and 7 between them were frequently selected in the high-anxiety network. 
Common neural network between state and trait anxiety 5
To evaluate the degree of overlap between neural networks related to state and trait anxiety, 6
we counted the common FCs between these two networks. Among the whole 35,778 FCs 7 used, 16 FCs were included in the same network (the high-or low-anxiety network) in both 8 dimensions of anxiety (state or trait anxiety) (Table 1) . Specifically, when we extracted FCs 9 using the whole dataset of state anxiety, 1,187 FCs were selected, comprising 573 FCs in the 10 high-anxiety network and 614 FCs in the low-anxiety network. For trait anxiety, 382 FCs 11 were selected, comprising 287 FCs in the high-anxiety network and 95 FCs in the low-anxiety 12 network. Finally, 6 and 10 FCs overlapped in the high-and low-anxiety networks, 13 respectively. Figure 5a shows the spatial distribution of these 16 FCs. Four of the 6 FCs in 14 the high-anxiety network had the orbitofrontal cortex as their node. The other 2 FCs had the 15 thalamus and cingulate cortex as their nodes. In contrast, the FCs of the low-anxiety network 16
were in the motor cortex and occipital cortex. For macroscopic interpretation, Fig. 5b shows 17 the common FCs in a macroscale. The FCs in the high-anxiety network frequently belonged 18 to the frontoparietal and medial-frontal network. The FCs in the low-anxiety network 19
belonged to the default mode network, subcortical-cerebellum, and motor network. Finally, we compared 10,000 randomly generated anxiety networks with our results and found that 1 the probability for obtaining the 16 overlapped FCs was statistically significant (P < 0.001). 2
This suggests that the 16 FCs were not merely randomly overlapping but play a significant 3 role as a common neural network of anxiety. 4 To investigate which neural network is involved in pathological anxiety, we compared the 7 anxiety scores defined by state anxiety and/or trait anxiety of patients with OCD and HCs 8 from the three different datasets (N = 174) (Fig 2d) . We applied two-way repeated measures 9
ANOVA to the anxiety scores of all trials (population [HC or OCD] × sites [site A, B, or C]). 10
We found that only when we applied the anxiety score defined by the 16 common FCs, the 11 anxiety scores of patients with OCD were significantly different from those of HCs ( Fig. 5c ; 12 F (1,173) = 8.56; P = 3.91 × 10 -3 ). We also found a significant effect of site (F (2,173) = 4.8; P = 13 9.39 × 10 -3 ) but no interaction effect (F (2,173) = 0.46; P = 0.63). Notably, when we conducted 14 the same analyses using the anxiety scores defined by either state or trait anxiety, no 15 significant differences were observed for any comparisons (P > 0.05 for all comparisons). 16 17
The common neural network as a biomarker: classification of patients with OCD 18
Finally, to test whether the 16 common FCs specified above could also be used as a biomarker 19 of OCD, we evaluated the performance of a classifier that was composed of these FCs. Our 20 model, developed by the 16 common FCs, achieved a significantly higher AUC (AUC = 1 0.63) than other models that consisted of the same number of randomly selected FCs (1,000 2 times permutation test; P < 0.02). This analysis indicates that the probability of obtaining the 3 AUC was small and demonstrates that the 16 FCs identified in the main analyses specifically 4 contain information useful to predict OCD. 5 6
Discussion 7
In this study, we have characterized a common neural network among state, trait, and 8 pathological anxiety by analyzing different fMRI datasets that were bound to different 9 dimensions of anxiety in a data-driven manner. We first demonstrated that there was a 10 common neural network of state anxiety within and between participants. We then 11 demonstrated that the trait anxiety-related neural network, defined by rs-fMRI with the trait 12 anxiety scale, can be generalized to state anxiety. Finally, we found that we could characterize 13 pathological anxiety, as represented by patients with OCD, by using the common FCs 14 between state and trait anxiety. FCs related to state anxiety across participants can be detected in a fully cross-validated 20 manner. These results suggest that when we feel anxiety in our daily life, common brain 1 regions might be co-activated within and between individuals. 2
Our findings also revealed that there is a common neural network between state and trait 3 anxiety. Our results suggest that the resting-state FC patterns of participants who tend to feel 4 anxiety in their daily life is similar to the FC pattern during evoked anxiety. This finding is 5 noteworthy because previous studies showed that state and trait anxiety often interact 6 (Mathews, 1990; Williams et al., 1996) . In these studies, the authors hypothesized that 7 participants with high trait anxiety become increasingly vigilant under stress, further 8 increasing their anxiety level. In contrast, participants with low trait anxiety show a defensive 9 response under stress, serving to restrain further anxiety increases. Common FCs may 10 contribute to this positive-negative feedback loop of anxiety. 11
In the present study, we identified common FCs between state and trait anxiety, and the 12 number of common FCs was significantly larger than in randomly selected cases. 13
Furthermore, although we employed a fully data-driven approach rather than setting an a 14 priori hypothesis, the pattern of FCs revealed was highly meaningful. That is, frontal and 15 default mode networks were more likely chosen, and they were often reported in previous In the present study, we found 4 no evidence indicating that the amygdala is fundamentally involved in anxiety, as 5 operationalized here. Intriguingly, the above studies using data-driven procedures commonly 6 do not report the amygdala and, additionally, most have reported a frontal and/or default 7 mode network. To our knowledge, no data-driven study of anxiety has investigated the 8 generalizable FCs among different dimensions of anxiety. Our study has quantitatively 9 evaluated the relative importance of the conventionally investigated brain regions to whole 10 brain using a fully data-driven approach. 11
When we used the common FCs between state and trait anxiety to calculate the anxiety 12 scores of patients with OCD and HCs, patients with OCD showed higher anxiety scores than 13
HCs. Furthermore, the FCs could classify whole participants into HCs and patients with OCD 14 in a fully cross-validated manner. However, we could not find such results when we used 15 anxiety scores defined by either state or trait anxiety data. Our findings thus demonstrate that 16 the common FCs between state and trait anxiety are key components of pathological anxiety. 17
Our findings may also be theoretically helpful for constructing a biologically validated model 18 of anxiety that explicitly considers the interaction among state, trait, and pathological anxiety. 19
In addition, future work should also investigate the causal interaction among state, trait, and 20 pathological anxiety by modulating the neural network, for example, via neurofeedback 1 (Megumi et al., 2015) , to obtain a deeper understanding of the neural mechanism of anxiety. 2
Our findings may contribute to the identification of a reasonable target for intervention. 3 4
Conclusion 5
In this study, we found a common neural network of anxiety among state, trait, and 6 pathological anxiety. These results provide direct evidence that different dimensions of 7 anxiety are not completely independent but have a substantial biological inter-relationship. 8
Our results also have the potential to be used for the prevention of pathological anxiety before 9 onset or for treatment evaluation. Furthermore, given that the hypothesis of a psychiatric 10 disorder spectrum is gaining attention, our results may promote further investigation of 11 various human characteristics, including psychiatric disorder, from the perspective of anxiety.
